ABSTRACT: Different methods for genomic evaluation were compared for accuracy and feasibility of evaluation using phenotypic, pedigree, and genomic information for a trait influenced by a maternal effect. A simulated population was constructed that included 15,800 animals in 5 generations. Genotypes from 45,000 SNP were available for 1,500 animals in the last 3 generations. Genotyped animals in the last generation had no phenotypes. Weaning weight data were simulated using an animal model with direct and maternal effects. Additive direct and maternal effects were considered either noncorrelated ( r A DM = 0 ) or negatively correlated ( r A DM = −0 30 . ). Methods of analysis were traditional BLUP, BayesC using phenotypes and ignoring maternal effects (BayesC PR ), BayesC using deregressed EBV (BayesC DEBV ), and single-step genomic BLUP (ssGBLUP). Whereas BayesC PR can be used when phenotypes of only genotyped animals are available, BayesC DEBV can be used when BLUP EBV of genotyped animals are available, and ssGBLUP is suitable when genotypes, phenotypes, and pedigrees are jointly available. For all genotyped and young genotyped animals, mean accuracies from BayesC PR and BayesC DE-BV were lower than accuracies from BLUP for direct and maternal effects. The differences in mean accuracy were greater when genetic correlation was negative. Gains in accuracy were observed when ssGBLUP was compared with BLUP; for the direct (maternal) effect the average gain was 0.01 (0.02) for all genotyped animals and 0.03 (0.02) for young genotyped animals without phenotypes. Similar gains were observed for 0 and negative genetic correlation. Accuracy with BayesC PR was affected by ignoring phenotypes of nongenotyped animals and maternal effect and by not accounting for parent average. Accuracy with BayesC DEBV was affected by approximations needed for deregression, not accounting for parent average, and sequential rather than simultaneous fitting of genomic and nongenomic information. Whereas BayesC DEBV presented a considerable bias, especially for maternal effect, ssGBLUP was unbiased for both effects. The computing time was 1 s for BLUP, 44 s for ssGBLUP, and over 2,000 s for BayesC. Greatest computational efficiency and accuracy of genomic prediction for a maternally affected trait was obtained when information from all nongenotyped but related individuals was included and phenotypes, pedigree, and genotypes were available and considered jointly. Increasing the gain in accuracy of genomic predictions obtained by ssGBLUP over BLUP may require an increase in the number of genotyped animals.
InTRoDuCTIon
Traditional evaluations for early growth traits in beef should consider both the maternal influence and the genetic potential of an animal in the same analysis (Beef Improvement Federation, 2010 ). However, current genomic evaluations consider maternal and direct effect in 2 different phases if pseudophenotypes for genotyped animals are possible to calculate (Garrick, 2011; Saatchi et al., 2011) or simply the direct effect if only phenotypes are available for those animals; in the latter situation maternal effect is ignored. On the other hand, if maternal effect can be included in the model, it can be properly estimated and can help to reduce bias in genomic evaluation of traits measured until weaning. Aguilar et al. (2010) and Christensen and Lund (2010) introduced a method for genomic evaluation that can handle models used in traditional evaluations without changes. In this single-step method (ssGBLuP), phenotypes, pedigree, and genotypes are used to predict all random effects in a single analysis. This method is similar to the traditional BLUP, but the pedigree-based relationship matrix (A) is replaced by a matrix (H) that integrates A and a relationship matrix based on genotypic information (G).
Compared with dairy cattle, fewer genotypes are used to obtain genomic prediction equations in beef , and many breed associations do not have enough genotypes for genomic predictions. When genomic predictions are computed outside of breed associations, only EBV and not phenotypes are usually available (McClure et al., 2010; Saatchi et al., 2011) . When complete information (phenotypes, pedigree, genomic) is not available, simulation studies could be helpful to understand and compare the potential of methods in obtaining genomic predictions (Hickey and Gorjanc, 2012) . Thus, the objective of this study was to compare the feasibility and performance of different genomic evaluation methods that consider distinct sources of information in predicting direct and maternal effects for a maternally influenced trait in beef cattle assuming 0 or negative genetic correlation between both effects.
MATeRIAL AnD MeTHoDS
Animal Care and Use Committee approval was not obtained for this study because no animals were used.
Data
Phenotypes and genotypes were simulated using QMSim software (www.aps.uoguelph.ca/~msargol/ qmsim/; Sargolzaei and Schenkel, 2009) . The historical population consisted of 100 generations with gradual increase in size from 100 to 3,000 individuals. A total of 2,600 females and 200 males from the last generation of the historical population became founders of the recent generation. The population was expanded by adding 5 generations using random mating, where each mating produced a single progeny with 50% probability of being male. Parents were mass selected and randomly mated. The replacement rate was 50% for sires and 20% for dams. The high rate for sires is desirable to avoid inbreeding and is closer to a real production system, especially if AI is used. Greater values have been used in simulation studies (Brito et al., 2011) .
The final simulated population contained 15,800 animals (average of 6,718 males and 9,082 females). From the total number of animals, 1,500 were initially genotyped for 50,000 biallelic markers evenly distributed along 29 chromosomes with total length of 2,319 cM, which is identical to the real bovine genome based on Snelling et al. (2007) . After quality checks for minor allele frequency greater than 0.05, only 45,000 SNP remained. Potentially, 1,800 QTL were affecting the trait. Allele effects of QTL were sampled from a gamma distribution with a shape parameter of 0.4; the mutation rate was 2.5 × 10 -5 for markers and QTL per generation per locus. The gamma distribution ensures that a large number of QTL have a small effect, whereas a small number of QTL have a large effect. Studies in livestock animals suggest that most of the complex traits are controlled by a large number of QTL (Hayes et al., 2009; VanRaden et al., 2009; Hayes and Goddard, 2010; McClure et al., 2012) , most of them with small effect.
In many simulated studies, a small number of chromosomes and a short genome have been used to make the computations feasible (Toosi et al., 2010; Calus et al., 2011) . However, using the real number of chromosomes and genome size can make the simulated scenario more realistic.
The simulation process was replicated 10 times. As QMSim can generate only 1 additive QTL effect at a time, the software was run twice. The first generated the population structure and the additive direct effect; the second generated the maternal effect. Therefore, both QTL effects were independently simulated. Two scenarios were considered regarding the genetic correlation between direct and maternal effects ( r A DM ): in the first, both effects were assumed to be uncorrelated ( r A DM = 0 ), and in the second they were negatively correlated ( r A DM = −0 30 . ). The negative structure was obtained as in Van Vleck (1994) .
The phenotype for each animal was constructed by using breeding value (BV) from the first run as the direct effect, using the BV of its dam from the second run as the maternal effect, and adding an overall mean of 200 kg plus a residual effect normally distributed with mean 0 and variance 275 kg 2 . All effects were adjusted for direct variance of 160 kg 2 and maternal variance of 65 kg 2 . The residual was added to provide the phenotypes with heritability of 0.32 for direct and 0.13 for maternal effects to mimic weaning weight. For the negative covariance scenario, the simulated heritability was 0.34 and 0.14 for direct and maternal effects, respectively. The phenotypic variance was computed as the sum of residual, maternal, and direct variances and covariance between direct and maternal effects. All additive genetic variance came from QTL because no polygenic effect was simulated.
The final data set contained all pedigrees from generations 1 through 5, 1,500 genotypes of animals from the third through fifth generations (343 males and 1,157 females), and phenotypes for all animals except 300 genotyped in the fifth generation (148 males and 152 females).
Analyses
Four methods were used to calculate genetic merit of animals. The first method was traditional BLUP with an animal model that included overall mean, direct and maternal effects, and residual (Quaas and Pollak, 1980) . The direct and maternal effects were assumed to be uncorrelated in the first scenario and negatively correlated in the second. All known relationships were considered through the numerator relationship matrix (A).
The second method was BayesC (Kizilkaya et al., 2010) applied directly to phenotypic records (BayesC PR ) of genotyped animals in the third and fourth generations; records of nongenotyped animals were ignored. The only effects in the model were the mean, SNP for the direct effect, and the residual; the maternal effect could not be considered and was ignored. The SNP solutions from BayesC were used to obtain predictions for all genotyped animals, including the ones in fifth generation without phenotypes.
The third method (BayesC DeBV ) was multistep using deregressed EBV (DeBV). The EBV from BLUP for genotyped animals in the third and fourth generations were converted to DEBV that excluded parent average (PA; Garrick et al., 2009) . The model included the same effects as in BayesC PR , but deregressions of EBV for direct and maternal effects were used separately for prediction of SNP effects. Those values were used to obtain genomic predictions for all genotyped animals, including the ones in the fifth generation without phenotypes.
The fourth method was ssGBLUP, where all pedigree, phenotypic, and genomic information was combined in a single analysis (Aguilar et al., 2010; Christensen and Lund, 2010) . The model for ssGBLUP was the same as for traditional BLUP. The ssGBLUP was implemented by replacing A in BLUP with H, a matrix that includes the genomic information. Although H is complex (Legarra et al., 2009) , its inverse, which is directly used in computations, is simpler :
where G is a genomic relationship matrix and A 22 is a numerator relationship matrix for only genotyped animals. G was constructed as in VanRaden (2008) using current allele frequencies.
The bias of genomic evaluations was measured by the coefficient of regression of true breeding value on genomic predictions for all genotyped and young genotyped animals without phenotypes. The accuracy of predictions was calculated as the correlation between true and estimated breeding values. Accuracies were calculated for all animals, for only nongenotyped animals, for all genotyped and genotyped animals without phenotypes, and for males and females separately.
Computing
For BLUP and ssGBLUP, variance components were estimated with airemlf90, and EBV or GEBV were estimated using blup90iod2 (http://nce.ads.uga.edu/html/ projects/programs; Tsuruta et al., 2001; Aguilar et al., 2011) . The DEBV used in BayesC DEBV were obtained from EBV ). The BayesC method was implemented using GenSel software (http://taurus.ansci. iastate.edu/; Fernando and Garrick, 2009) , assuming that 96% of SNP had no effect and considering that priors for variance of SNP and residual effects followed a scaled inverse χ 2 distribution with df of 4 and 10, respectively. A total of 50,000 samples were generated, with a burnin of 5,000. Estimates of SNP effects and genomic predictions were obtained from the posterior distribution of 45,000 remaining samples. As GenSel software does not allow models with more than 1 random effect except the residual (Boddicker et al., 2012; Schneider et al., 2012) , genomic predictions for additive genetic direct and maternal effects were estimated separately.
ReSuLTS AnD DISCuSSIon
Variance components were estimated using REML with and without genomic information (Table 1 ) as a quality check for simulations. The values were used in BLUP, ssGBLUP, and Bayesian methods. Slightly greater SE were observed when a negative genetic correlation between direct and maternal effects was assumed. Regardless of whether or not genomic information was included, all estimates were close to simulated values. Forni et al. (2011) found that estimates of variance components using genomic information can be biased if G is not properly scaled. Table 2 shows computing performance of used methods. On average, BLUP took only 1 s and 49 iterations to reach the convergence criterion of 10 -12 for r A DM = 0 ; the same time but 10 more iterations were required for r A DM = −0 30
. . The ssGBLUP required 41 s to build H -1 and 2 and 4 s to run 42 and 51 iterations for r A DM = −0 30 . and r A DM = −0 30 . , respectively. Therefore, including genomic information in ssGBLUP increased the computational demand, as well as considering negative correlation. The processing time needed to construct G -1 is dependent on the number of genotyped animals. If efficiently implemented, the time to construct G -1 could be 1 min for 5,000 animals or less than 1 h for 30,000 animals genotyped for 40,000 SNP .
One run of BayesC DEBV took over 2,000 s for either direct or maternal effect in both correlation scenarios. Thus, to get genomic predictions for the effects usually included in traditional beef evaluations, the Bayesian method was over 120 times slower than the ssGBLUP that considered both effects in a single run. The BayesC PR was over 60 times slower than ssGBLUP, but predictions for maternal effect could not be obtained. Long running times for BayesC DEBV and BayesC PR were due to long sampling; additional analyses for the Bayesian methods also include running BLUP and deregressions. Wang et al. (2012) reported that ssGBLUP was 150 times faster than BayesB when 1,500 animals were genotyped for 3,000 SNP.
The high computational time demanded by BayesC either with DEBV or phenotypes makes ssGBLUP more applicable for maternally influenced traits. However, methods that can use genomic information to deliver more accurate predictions are preferred. Mean accuracies for direct and maternal effects for predictions using the 4 evaluation methods are in Tables 3 and 4 for males and females, respectively. In general, all accuracies were slightly lower when genetic correlation between additive effects was negative. For nongenotyped animals, EBV were not directly available from BayesC PR or BayesC DEBV . For all animals, accuracy increased by 0.01 for the direct effect in males if r A DM was negative and by 0.01 for the direct and maternal effects in females if r A DM was 0 when predictions were from ssGBLUP rather than BLUP. For nongenotyped animals, accuracies were the same for BLUP and ssGBLUP. Daetwyler et al. (2012) showed that the relationships captured by SNP are responsible for the greatest part of the accuracy of genomic predictions; the authors found that 1 single chromosome captured 86% of the prediction accuracy obtained using SNP from all chromosomes. They concluded that nearly all genetic gains with the genomic selection were due to better relationships, with very small gains due to linkage disequilibrium (LD).
The accuracies of the direct effect for genotyped animals in BayesC DEBV and BayesC PR were smaller than accuracies from traditional BLUP (Tables 3 and  4 ). In real Angus data, Saatchi et al. (2011) also showed smaller accuracies for genomic predictions from Bayesian methods compared with parent averages for both weaning weight and maternal weaning weight.
The only genomic method that delivered greater accuracies than BLUP was ssGBLUP. Using this method and assuming r A DM = 0 , the mean accuracy gain for all geno- typed males and females for the direct effect was 0.01, 0.13, and 0.08 over BLUP, BayesC PR , and BayesC DEBV , respectively. Assuming negative correlation, the gain was 0.01, 0.15, and 0.10, respectively. The bigger difference between ssGBLUP and other genomic methods when r A DM = −0 30 . reflects the inability of Bayesian methods in accommodating correlated effects. In almost all methods, the accuracy for the direct effect was greater for males than for females because of larger progeny numbers. On average, each sire had 22 offspring, whereas dams had 3. When phenotypes were used as information for the estimation of SNP effects (BayesC PR ), accuracies were the lowest ones.
For young genotyped animals without phenotypic data (Tables 3 and 4) , the accuracy of the direct effect was smaller than for all genotyped animals regardless of method. However, the mean accuracy gain by using ssGBLUP over BLUP was 0.03, thus greater than for all genotyped animals. The same gain was observed whether genetic correlation was 0 or negative. The main advantage of using the genomic information in animal breeding is to estimate more accurate EBV for young animals. Accuracies of traditional evaluations for those animals were greater than the ones obtained by BayesC DEBV and BayesC PR . Because BLUP had lower prediction accuracy than ssGBLUP for young genotyped animals, recording their phenotypes may be necessary to achieve greater accuracy in traditional evaluations. However, this would extend the generation interval and reduce the selection response. Therefore, the inclusion of genomic information could offset the loss in prediction accuracy and make selection of young animals feasible if the right genomic method is applied to the available information.
The ranking of methods that use genomic information was as expected. The least accurate method (BayesC PR ) was based on the reference population because the information on nongenotyped animals and the maternal effect were ignored. However, that method is possible for traits recorded only in reference populations (e.g., residual feed intake; Pryce et al., 2012) . The next more accurate method (BayesC DEBV ) can use information from nongenotyped animals, but the use of pseudo-observations leads to approximations (Guillaume et al., 2008; Neuner et al., 2008) . Additionally, DEBV are computed using EBV accuracies, and such accuracies are usually approximated. These approximations may be biased for specific types of animals or maternal traits (Sánchez et al., 2008) . Methods based on DEBV are appropriate when the genotyping organization has access only to EBV but not phenotypes and pedigrees of the complete population. The most accurate method was ssGBLUP, which considers all the information jointly and does not involve approximations that are required for some Bayesian methods. However, ssGBLUP requires that all pedigrees, phenotypes, and genotypes are available.
When the maternal effect was considered jointly in ssGBLUP, the bias for direct effect was very small, independent of the genetic correlation assumed (Table 5 ). For maternal effect the bias varied from 3% to 6%, with the greatest value when r A DM = −0 30
. for young genotyped animals. An acceptable bias of ± 15% was empirically assumed by Tsuruta et al. (2011) . If the same limit is assumed in our study, the evaluations produced by BayesC PR are in this range; however, the SE are very high if compared with the other predictions. Direct predictions obtained by BayesC DEBV showed, on average, an upward bias of 26% and 22% for all genotyped animals and for young genotyped animals without phenotypic data, respectively; maternal predictions showed, on average, an upward bias of 46% and 59% for all genotyped animals and for genotyped animals without phenotypic data, respectively. Saatchi et al. (2011) showed similar bias for genomic predictions of direct weaning weight using the Bayesian methods. The deregression process could be the reason for greater bias observed in BayesC DEBV than in BayesC PR . Although the maternal predictions obtained by BayesC DEBV were less biased when genetic correlation between additive effects was negative, high variation was observed among the replications.
The mean accuracy gain for maternal effect for all genotyped animals was 0.02 when ssGBLUP was compared with BLUP (Tables 3 and 4 ). The same gain was observed in both correlation scenarios. BayesC DEBV showed lower accuracies than traditional BLUP. On average, the accuracy gain by using ssGBLUP was 0.16 and 0.28 over BayesC DEBV for r A DM = 0 and r A DM = −0 30 . , respectively. The accuracy of maternal effects was greater for genotyped females than for genotyped males in all the methods. Accuracies for maternal effect for young genotyped animals without phenotypic data are shown in Tables 3 and 4 . The gain by using ssGBLUP over BLUP was 0.02 if no correlation was assumed and 0.01 if the correlation was negative. For the first correlation scenario, the accuracy obtained from BayesC DEBV was 0.21, but from ssGBLUP it was 0.39. Decreased accuracy for maternal effects with BayesC DEBV could be due to separate modeling of direct and maternal effects and disregard of data on ungenotyped dams that are related to genotyped individuals. For the second correlation scenario, BayesC DEBV was not able to estimate accurate genomic EBV either for young genotyped or for all genotyped animals correctly because the accuracy was very small and the SE for bias was large.
The impact of considering negative correlation between direct and maternal effects was almost 0 for ssGBLUP because this method can accommodate all effects present in the model. Smaller accuracies were observed if compared with r A DM = 0 , but they were, on average, 2% greater than in BLUP for both direct and maternal effects. The impact on the accuracies for the direct effect obtained by BayesC DEBV and BayesC PR was also small, but the accuracies for maternal effect when r A DM = −0 30
. were 50% smaller compared with 0 correlation; this indicates that BayesC could not account properly for this structure.
Working with pedigree and phenotypic information only, Roehe and Kennedy (1993) showed biased evaluations for the direct effect when the maternal effect was ignored and selection was based on the direct effect despite both effects being uncorrelated. The main reason for the bias was that the exclusion of the maternal effect resulted in overestimated direct genetic variance and heritability, which made the expected genetic gain greater than the observed.
Few studies on improvement of prediction accuracy with genomic information have used actual beef cattle data (Garrick, 2011; Saatchi et al., 2011) , and most of them considered the direct and maternal effects in separate models for traits with large maternal effects, such as birth and weaning weights (Garrick, 2009; Saatchi et al., 2011; Tang et al., 2011; Swan et al., 2012) . When the maternal effect was included in the same model, it was considered a polygenic effect along with genotypes as fixed effects (Snelling et al., 2010) .
Despite different data structure and models, some studies analyzed accuracy for various traits of American Angus using the BayesC approach and DEBV. Garrick (2009) found accuracies of 0.52 for weaning weight, 0.56 for yearling weight, 0.69 for back fat, and 0.70 for carcass marbling. Those accuracies were considered to be good and comparable to those of a dairy trait with heritability of 0.25 and 6 to 16 offspring in a progeny test. Saatchi et al. (2011) estimated accuracies of 0.70 for birth weight, 0.57 for yearling weight, 0.53 for direct weaning weight, and 0.49 for maternal weaning weight, considered as maternal milk. In the first correlation scenario of our study, the average gain in accuracy for weaning weight in young genotyped animals was 13% for direct effect and 18% for maternal effect when using ssGBLUP instead of BayesC with DEBV. For maternal traits, it seems that correcting relationships through the H matrix was somehow more efficient than using prediction equations based on SNP effects. Because some improvement was observed in simulated data, there is potential to obtain greater accuracies also in real data, but all sources of information needed by ssGBLUP should be available.
One of several factors that cause loss in accuracy for additive effects when using BayesC DEBV compared with ssGBLUP is the lack of accounting for PA. One way to improve accuracy with multistep approaches is to construct an index that combines the genomic value obtained from SNP markers and PA (VanRaden et al., 2009; Vazquez et al., 2010) . However, determining weights for such an index in multistep procedures is difficult because they are derived from approximate accuracies and a matrix used to estimate the weights is not always positive definite (VanRaden et al., 2009) . Saatchi et al. (2011) showed that the accuracy gain from using an index over the most accurate information (either PA or predictions based on SNP) was not meaningful. In this sense, issues in genomic selection in beef could be solved by singlestep methods because the estimations of traditional and genomic evaluations are done simultaneously.
The ssGBLUP method uses a genomic relationship matrix where all SNP have equal weight. In BayesC or related methods, each marker can have a distinct weight. Different weighting can increase accuracy, especially if there are large QTL close to some SNP markers for a specific trait. Wang et al. (2012) developed weighted ssGBLUP, where weights for SNP are estimated and then incorporated in genetic analyses. In a simulated data set from the same study, ssGBLUP provided greater accuracy and was faster than BayesB using DEBV. Weighted ssGBLUP can be useful for singletrait analyses but not for multitrait models, where the relationship matrix needs to be the same for all traits.
The ssGBLUP method was suitable for maternally affected traits when phenotypes, pedigree, and genotypes are available. However, this method may also be applicable even when conditions are less than optimal. For example, when no pedigree information is available (such as on a commercial farm), sufficient pedigrees may be reconstructed with molecular information, and ssGBLUP could become feasible. When genomic EBV are available for an important subpopulation but phenotypes and pedigrees are not, the external information for that subpopulation can be accommodated in ssGBLUP as the prior information (similar to multibreed evaluation in dairy cattle; Vandenplas and Gengler, 2012) . When evaluation of hard-to-measure traits that are only available from a reference population is of interest and these traits are at least moderately correlated with traits widely recorded, additional accuracy can be gained through a multitrait analysis (e.g., as in ssGBLUP; MacNeil et al., 2011) .
This study used simulated data for a purebred beef population. Field data usually include admixed populations, and such populations require specific modeling (Kizilkaya et al., 2010; Snelling et al., 2011) . A specific modeling for admixed populations is required in ssGBLUP. Simeone et al. (2012) applied ssGBLUP to 2 populations of chickens using different genomic relationship matrices constructed as for a single population. The predicted genomic EBV were biased across the populations, with the bias dependent on the type of genomic relationship matrix, although rankings within line were unbiased. Accounting for admixed populations may require specific gene frequencies for each breed combination (e.g., Harris et al., 2012) , and methods to adapt ssGBLUP to an admixed population are needed. Gains with the genomic information using the simulated data depend on details of simulation. In an earlier version of this study, the genotypes included only 2 chromosomes. Subsequently, gains due to genomic selection were much greater than reported here. The results from this study, which uses 29 chromosomes, seem closer to those obtained using real data. 
Conclusions
Genomic predictions based on only a reference population and that ignore maternal effect may be less accurate than those obtained by traditional BLUP. Methods based on DEBV are affected by approximations involved in the calculation process and by ignoring PA if it is not part of a selection index. For maternal traits, the most accurate and feasible evaluation method using genomic information uses all genotypes, pedigrees, and phenotypes, including those of nongenotyped and related animals. Such a method shows greater computational efficiency, uses realistic models that account for major effects for the trait of interest, accommodates covariance structure, and can be extended to a multitrait context if necessary. Bias of evaluation was lowest and accuracy gains were greatest with this method, especially for maternal effect. A small gain is expected for predictions from ssGBLUP over BLUP when the density of markers is high and the number of genotyped animals is small; however, increasing the gain in accuracy of genomic predictions from ssGBLUP may require an increase in the number of genotyped animals.
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